Using tick-by-tick data and the reconstructed open LOB data from the Xetra trading system, we investigate the impact of trade duration, quote duration and other exogenous variables on ex-ante liquidity embedded in an open LOB. Our modeling involves decomposing the joint distribution of the ex-ante liquidity measure into simple and interpretable distributions. The decomposed factors are Activity, Direction and Size.
Introduction
Liquidity is a complex concept and has been one of the most important issues in financial research for a long time. The term 'liquidity' is interpreted differently by various market participants.
Market regulators see liquidity as either the capacity to buy and sell a large quantity of financial securities, or as the total turnover of assets in a given time interval. For individual traders, the level of liquidity relates more to the quantity available when changing their positions at buying or selling side. Nowadays, liquidity evolves with the development of high-frequency trading (HFT) 1 . As shown by Hendershott and Riordan (2013) , for stocks of DAX30, highfrequency traders present 52% of market order volume and 64% of nonmarketable limit order volume. Understanding how liquidity behaves in this HFT environment is essential for all buyside traders 2 and market regulators. However, there are few quantitative analysis of the ex-ante liquidity in an ultra high frequency environment. The objective of this paper is twofold. First we model the dynamic of ex-ante liquidity, which is offered by the Limit Order Book (LOB), from a general view through the analysis of available electronic data in the Xetra open LOB system. Second, we investigate the effect of exogenous high-frequency variables on this ex-ante liquidity measure.
Ex-ante liquidity is embedded in LOB and there already exists a large number of theoretical microstructure models emphasizing the state of LOB because of its importance in providing market liquidity and discovering price formation. However, there is a huge gap between theoretical and empirical research for the analysis of high-frequency trading mechanism and liquidity. This is due to the fact that market order traders and LOB traders behave in a complicated way, and theoretical models do not capture all of these complexities. For example, the LOB traders in Parlour (1998) cannot choose multiple limit-order price strategies; in Foucault (1999) , the lifetime of a limit order can not last more than one period; and in Foucault et al. (2005) , the limit orders cannot be canceled once they are placed in the open LOB. All these restrictions may have an impact on the ex-ante liquidity provision.
In the market microstructure framework, other than spontaneous supply and demand in the market, the liquidity provision inherently depends on various exogenous factors such as the trading mechanism, the information disclosure process and regulatory issues. For instance, Viswanathan and Wang (2002) show that the slope of the equilibrium bid price is flatter than that in a dealership market since the discriminatory pricing rule intensifies the liquidity provision. The empirical results of Boehmer et al. (2005) suggest that an increase in pre-trade transparency can improve market liquidity. Riordan and Storkenmaier (2012) examine the effect of a technological upgrade on the market liquidity of 98 actively traded German stocks and show that both effective spreads and average price impacts drop with the upgrade. Bloomfield et al. (2015) use 1 In high-frequency trading, traders make profit by using algorithms to quickly process information and detect the trade opportunities.
2 Buy-side traders includes invididuals, mutual funds, financial institutions, etc.
a laboratory market to investigate how the ability to hide orders affects market liquidity and traders' strategies and suggest that liquidity and informational efficiency are not affected when traders adapt their behavior to the different opacity regimes. Another important concern is the availability of data. In previous studies, widely used high-frequency liquidity measures, such as trade impact and effective spread, are obtained from trade-related databases. One problem with these liquidity measures is that they are measured only when there is a trade. With the introduction of an open LOB trading mechanism, the access to more complete high-frequency data becomes possible. As a result, we can use the information in the LOB to compute two different measures of liquidity: ex-ante liquidity and ex-post liquidity. Up to now there exists little consensus on the most appropriate liquidity measure in terms of efficiency and accuracy due to its multi-faceted complexity in both cross-sectional (depth, width, resiliency, etc.) and frequency (high-frequency or low-frequency based) dimensions.
This empirical paper concentrates on the dynamic of the ex-ante liquidity embedded in an open LOB (depth and price impact) and the effect of high-frequency variables on its dynamics 3 .
Recent studies related to ex-ante liquidity include Irvine et al. (2000) , Coppejans et al. (2004) , Domowitz et al. (2005) , Giot and Grammig (2006) , Beltran-Lopez et al. (2009), and Beltran-Lopez et al. (2011) . According to Aitken and Comerton-Forde (2003) , ex-post liquidity measures involve trade-based measures, while ex-ante liquidity measures are order-based. The former measures are the most widely used and indicate what the traders have obtained in the realized transaction. The second group captures the cost related to potential immediate trading. This cost is quasi-fixed for traders with a small quantity to trade and is equal to half of the bid-ask spread. In this case we do not need any information about the LOB. However, for the larger traders, the spread will surely underestimate the associated cost when the quantity to trade is larger than the quantity available at first level. This requires a liquidity measure that can allow for volume-related price impact. To this end, we construct and model the ex-ante liquidity measure with different trading volumes (from 5 000 to 2 5000 euros).
Another characteristic of the ex-ante liquidity measure is that it can be computed even when there is no trade. As noted by Beltran-Lopez et al. (2011 ), in 2004 , for the average stock in the DAX30 of Xetra trading system, the average daily number of limit orders is 12,785, i.e. 25 limit orders per minute, whereas the average number of trades is four per minute. The corresponding numbers are 334 per minute for limit orders and 10 per minute for trades in July 2010. As the trend of high frequency trading continues to increase rapidly, market regulators and institutional investors need more continuous measures of liquidity to update their information set. The traditional ex-post liquidity measurement cannot meet this requirement. The temporal relation between updates of LOB and transactions is shown in Figure 1 where transactions and updates of LOB are denoted by circles and squares respectively. As we see the quote updates are usually much more frequent than the trade updates and may then contain more information on liquidity.
[Insert Figure 1 here]
This study models the evolution of ex-ante liquidity measurement using a decomposition model which allows for various factors in a flexible way and investigates the effect of exogenous high frequency variables on this ex-ante liquidity measurement. To our knowledge, we are the first to consider modeling ex-ante liquidity using a decomposition model and including a large set of factors. Given the particularity of UHF data and the complexity of microstructure analysis, one possible modeling framework involves consistently decomposing the joint distribution of a target variable into simple and interpretable distributions. The idea of decomposition was pioneered by Rogers and Zane (1998) and aims at constructing observation-driven models in the sense of Cox et al.(1981) . The decomposition model was first used in analyzing transaction price dynamics. Hausman et al. (1992) and Russell and Engle (2005) propose an Autoregressive
Conditional Multinomial (ACM) and ordered Probit model respectively. Rydberg and Shephard (2003) manage to achieve the same goals by decomposing the joint distribution of tick-by-tick transaction price changes into three sequential components. The first component is designated consecutive transactions and the number of trades during this duration are modeled as implicit factors for the price changes. In total, they use six conditional models to capture the dynamic of price changes. Manganelli (2005) applies the decomposition methodology in investigating the simultaneous interaction between duration, volume and return. Two subgroups, classified by the trade intensity, perform different dynamics. The decomposition framework remains flexible for more complicated modeling and, depending on different modeling assumptions, addition or deletion of certain factors is possible.
Our paper differs from the existing literature in several dimensions. First of all, instead of aggregating the time for a fixed interval, our analysis contains a time dimension. Specifically, our paper investigates the role of trade and quote durations in explaining the dynamic of ex-ante liquidity provision. It is widely known that trades may contain private information that will be further incorporated in the quote updates. Hasbrouck (1991) shows that, in an order-driven market, the price impact of trades is positive, and large trades cause the spread to widen. Intuitively, when facing informed traders, market makers protect themselves by quickly widening the spread and closely monitoring market order arrivals. Consequently, trade duration and quote duration are relevant measures for speed of information flow and quote revision, respectively.
Our model includes them as two factors influencing liquidity changes and assumes that the trade duration factor is strictly exogenous. The joint modeling of trade duration and corresponding quote duration is challenging due to the fact that they are not synchronic by nature. To circumvent this problem, Engle and Lunde (2003) propose a bivariate point process. As a general conclusion, they found that information flow variables, such as trade duration, large volume of trade and spread, predict more rapid quote revision. We first apply their bivariate model to our Xetra dataset and then extend the analysis to the impact of both trade and quote durations on ex-ante liquidity changes.
Second, by applying a decomposition model, we perform a much finer analysis of ex-ante liquidity changes and take advantage of econometric modeling by attempting to capture a more general and realistic LOB trading pattern which is much more complete than that characterized by structural models. Specifically, following Engle and Lunde (2003) and Rydberg and Shephard (2003) , we use different factors to model the dynamics of liquidity changes, including trade duration, quote duration, activity, direction, and size. Our objective is to identify the possible determinants of each factor from a wide range of variables. Our empirical findings will not only provide support for existing theoretical models but will also offer a guidance for new theoretical models in market microstructure.
Third, regarding the explanatory variables, in addition to the lagged dependent variables, we also include various exogenous variables in the different factor equations. In existing literature, most papers take one variable as the explanatory variable and suppose that this variable can summarize all the trade information. Instead, our variables are volume-related, duration-related and trade imbalance related. Among these variables, we also distinguish between the short-run and long-run 4 variables to reflect their time dimension. Our results suggest that most traderelated variables have an impact on the activity factor except the long-run trade imbalance variable. Transaction quantity has very different effects on liquidity measure based on different volumes, and there is a leverage effect such that the magnitude of liquidity decrease is higher than that of increase.
The rest of the paper is organized as follows: Section 2 describes the Xetra trading system and the ex-ante liquidity measure Xetra Liquidity Measure (XLM) we model in this study. Section 3 presents the decomposition model and the exogenous variables we use for explaining the dynamics of each factor. Section 4 applies our econometric model to the data for the selected stocks and reports the estimation results. Section 5 concludes and provides possible new research directions.
Xetra trading system and Xetra Liquidity Measure (XLM)

Xetra trading system
Electronic trading systems have been adopted by many stock exchanges during the last two decades. The data used in this study are from the trading system Xetra, which is operated by Deutsche Börse at Frankfurt Stock Exchange (FSE) and has a similar structure to the Integrated Single Book of NASDAQ and Super Dot of NYSE. Xetra trading system realizes more than 90% of the total transactions at German exchanges. Since September 20, 1999, trading hours have been from 9h00 to 17h30 CET (Central European Time). However, during pre-and post-trading hours, entry, revision and cancellation are still permitted.
There are two types of trading mechanism during normal trading hours: the call auction and the continuous auction. A call auction can be organized once, or several times during the trading day in which the clearance price is determined by the state of LOB and remains as the open price for the following continuous auction. During each call auction, market participants can submit both round-lot and odd-lot orders, and both the start and end time for a call auction are randomly chosen by a computer to avoid scheduled trading. Between the call auctions, the market is organized as a continuous auction where traders can only submit round-lot-sized limit orders or market orders.
For highly liquid stocks, there are no dedicated market makers during continuous trading. As a result, all liquidity comes from limit orders in the LOB. The Xetra trading system imposes a Price Time Priority condition, where the electronic trading system places the incoming order after checking the price and timestamps of all available limit orders in the LOB. Our database includes 20 levels of LOB information 5 meaning that, by monitoring the LOB, any registered member can evaluate the liquidity supply dynamic and potential price impact caused by a market order. However, there is no information on the identities of market participants.
The reconstruction of the LOB is mainly based on two main types of data streams: delta and snapshot. The delta tracks all the possible updates in the LOB such as entry, revision, cancellation and expiration, whereas the snapshot gives an overview of the state of the LOB and is sent after a constant time interval for a given stock. Xetra original data with delta and snapshot messages are first processed using the software XetraParser developed by Bilodeau (2013) in order to make Deutsche Börse Xetra raw data usable for academic and professional analy- 
(Il)liquidity measure in the Xetra Trading System
As mentioned above, liquidity is the central quality criterion for the efficiency of marketplaces in electronic securities trading. We use the following definition of liquidity: the ability to convert the desired quantity of a financial asset into cash quickly and with little impact on the market price (Demsetz (1968) ; Black (1971) ; Glosten and Harris (1988) ).The Xetra trading system defines its own ex-ante (il)liquidity measure Xetra Liquidity Measure (XLM) as follows 6 :
where q is the potential size in Euro, the conventional value for q in Xetra trading system is 25 000 Euros 7 . P q net,buy is the average price when a buy market order of q euros arrives and P q net,sell relates to the average price for a sell market order of q euros. v is the total volume bought by the market order of q euros. P k,i and v k,i are the kth level ask price and volume available, respectively. v K,i is the quantity left after K − 1 levels are completely consumed by the market order of q euros. P q net,sell is computed in a similar way. P mid is the mid-quote of bid-ask spread. XLM measures the relative potential round-trip impact when buying and liquidating a volume of q euros at the same time. Intuitively, it is also the cost in basis points for an immediate 6 More information is available on the official website of Xetra. 7 In this study, q takes values of 5 000, 10 000, 15 000 and 25 000 Euros. demand for liquidity from buy and sell market orders. For example, an XLM of 10 and a market order volume of 25 000 Euros means that the market impact of buying and selling is 25 Euros.
By choosing different volume q, we can identify the ex-ante liquidity embedded in the open LOB. The dynamic of XLM 5 000 reflects the evolution of ex-ante liquidity embedded in lower levels of LOB, whereas XLM 25 000 captures the ex-ante liquidity embedded in both lower and higher levles of LOB. The previous market microstructure literature that considers the quantity available in LOB includes Irvine et al. (2000) , Domowitz et al. (2005) , and Coppejans et al. (2004) , among others.
XLM is based on P mid and the difference between P q net,buy and P q net,sell . Theoretically, there are infinite combinations of P q net,buy and P q net,sell for the same difference. That is, the illiquidity may come from either side or both sides of LOB. However, our study focuses on stocks' global liquidity and considers the lack of depth in either side as an illiquid situation. For the buy side or sell side investors, the corresponding one-side XLM can be defined and computed in a similar fashion.
The XLM measure can be used for several ends: first, it can help decision making in security selection when constructing a portfolio. Among the stocks with same correlation with market portfolio, a small XLM stock will decrease the trading cost and in the end provide a higher net return. Second, XLM can also be used for comparison purposes. For instance, a cross listing stock may have different liquidity features in different markets. By using XLM, one can quantify this difference by choosing a given volume.
Methodology
Model
In our dataset, there are three variables to model: trade, quote and ex-ante liquidity changes.
Following Engle and Lunde (2003) , we consider trade and quote as a bivariate point process.
Based on the timestamps of these point processes, we can define two types of duration: trade duration and quote duration which constitute a bivariate duration process. However, due to the no-synchronization problem, we further assume that the trade times are the initiators for both the following trade and the next quote update. Consequently, trade durations and quote durations with the same index share the same original timestamp. The economic intuition behind the assumption is that the limit order traders in open LOB update their quotes by observing the transactions. After each transaction, we compute the quote duration based on the very last transaction.
As mentioned by Engle and Lunde (2003) , by taking the transaction times as the origin of each pair of durations, two possible situations may occur for quote duration: an uncensored observation or a censored observation. The uncensored duration occurs when the quote update is before the next trade arrival and the censored duration happens when the following trade arrives before the quote update. We denote x i and y i as the trade duration and quote duration, respectively, and further define the observed quote durationỹ
Apart from the time dimension, for our purposes, we have to model the liquidity dimension.
We use the above mentioned XLM as the liquidity measure. In the uncensored situation, we take the average of the measure within the first quote update timestamp and the following trade timestamp. We propose that its evolution could be written as:
where Z k is defined as the kth rounded signed change for XLM q .
We define p as the joint density for trade duration, quote duration and XLM q changes. We propose the following decomposition for this joint density of kth mark:
We define x k andỹ k as exogenous factors, which relate to the trade duration and observed quote duration, for XLM q changes. Conditional on information set F k−1 and two durations, A k takes on value 0 or 1 indicating if there is a change on kth XLM q . Conditional on A k = 1, D k relates to the direction of the XLM q change by taking on the value −1 and +1. Finally, given the information set (F k−1 , A k = 1, Dir k ), S k takes on positive integers and indicates the size of the change. ω relates to the parameter set including ω 1 , ω 2 , ω 3 , ω 4 and ω 5 which are the parameters for factors of trade duration, observed quote duration, activity, direction and size.
We adopt the Log-ACD model originally introduced by Bauwens and Giot (2000) in modeling the irregularly spaced trade durations which represents a main characteristic of high frequency data:
where ψ k = E(x k |F k−1 ) and ε k is a i.i.d random variable following the generalized gamma distribution with unit expectation. The process of duration is composed of a sequence of deseasonalized durations. W k−1 is a vector of exogenous variables available at k − 1 which includes trade-related variables, quote-related variables and dummy variables to capture the intraday seasonality (hereafter, all exogenous vectors will include dummy variables to capture the intraday seasonality). We use the Log-ACD as it is more flexible in modeling and the positivity constraint on durations is always respected 8 .
We adopt a similar structure for observed quote duration, that is
where φ k = E(ỹ k |F k−1 ) and k is supposed to be i.i.d exponential distributed and the error distribution is supported by the estimation convergence. In the equation, we add a term with a censored dummy variable to capture the impact of censored observation and the vector of exogenous variables V k−1 which may have some common variables with W k−1 . We show in the following section that as quote durations are conditional on transactions, one possible exogenous variable could be the expected trade duration available at tick k.
Regarding the liquidity dimension, we decompose the XLM q change into three factors: Activity, Direction and Size. The advantage of the decomposition approach is that we can use simple and interpretable factors to model the different facets of liquidity. To this end, the first factor, Activity, is a bivariate variable that takes values of 0 or 1 to indicate whether there is a change in the XLM q measure. To model the activity factor, we use the auto-logistic model (Cox et al., (1981) ). As the log-likelihood function of the auto-logistic is concave, the numerical optimization can be easily and reliably realized. However, the high-frequency data often performs a slow decay for longer lags in an autoregressive structure. Thus there is a trade-off between bias and variance, i.e., inference with too few parameters may be biased, while that with too many parameters may cause precision and identification problems. To solve this, we adopt another structure called the GLARMA (Generalized Linear Autoregressive Moving Average) binary model which is a generalized structure of auto-logistic structure allowing for moving average-type behavior (Shephard (1995) ). The auto-logistic model for activity is defined as:
and
where M A k−1 is the vector of exogenous variables for the activity factor known at k − 1. In this logistic modeling, the parameter θ A k is time-varying and depends on both its own lag variables, such as lags of g k and A k , and some exogenous variables. The model will be validated by applying the Ljung-Box test on the standardized errors defined by :
which should be uncorrelated with zero mean and unit variance.
In a similar way, the Direction of change of the liquidity measure conditional on the activity factor is specified by another binary process on 1 or −1 (positive indicates that more liquidity cost should be paid when trading volume q and negative is related to less liquidity cost situation) and is estimated by another auto-logistic model:
. M D k is a vector including exogenous variables of subset F k−1 and Π D is a parameter vector. It should be noted that the vectors M D and M A might have some identical exogenous variables.
Once the model is estimated, we use the Ljung-Box test to validate its ability to capture the main features of data. The test will be applied to standardized residuals:
Finally, the last factor is Size which captures the magnitude of the change of XLM. Less than half of observations in the sample have no size change, that is, they stay at their previous level.
Thus we will adopt a geometric process for size changes. The choice of geometric distribution is motivated by its simplicity and generality:
where M Siz k−1 is a vector of exogenous variables and Π Siz is the corresponding parameter vector. g(λ k ) indicates the geometric distribution with parameter λ k 9 . In order to capture the asymmetry between up-move size and down-move size, we add a direction variable in the vector of exogenous variables. In Equation (9), we add one to the geometric distribution since the minimum change is one. We also apply the Ljung-Box statistics to standardized residuals to evaluate the model.
Given the conditional distribution of Size, we have
Standardized residuals are computed as
and an adequate modeling requires u Siz k being uncorrelated with zero mean and unit variance.
In summary, for the estimation process, we can separately estimate each factor by using the Maximum Likelihood approach. The BIC criteria will be applied for the model selection, especially for the choice of number of lags. Moreover, in order to test if the model captures the main features of time series data, we perform a portmanteau test in which residuals will be used to calculate the Ljung-Box statistics as a measure of residual dependence.
Then, with the previous specifications, all the observations can be classified into one of the three following categories:
1) There is no change in XLM, that is, activity factor A k = 0 and no direction and size factors.
2) Liquidity decreases and the size change is at least one unit. The corresponding factors are :
3) Liquidity increases and size change is at least one unit. The corresponding factors are :
The maximum likelihood estimation function is equal to :
where I k (1), I k (2), I k (3) correspond to the indicator function relating to the three categories mentioned above.
To conclude, the advantage of this modeling is that the partition enables us to simplify the modeling and computation task by specifying the suitable econometric models for the marginal densities of trade duration and conditional densities for quote duration and factors such as Activity, Direction and Size. In addition, for different purposes, the model could also be extended to a more or less complicated context by including other factors. In these decomposition models, one of the crucial tasks is to identify the exogenous variables. Apart from the irregularly spaced duration, it is reasonable to test whether the rest of the factors also contain seasonality effects.
Exogenous Variables Set
Given the model defined above, we need to identify the possible exogenous variables, apart from own lags, for each component. In this study, we attempt to find some variables that have economic interpretation. In previous literature, the most widely used variables have been spread, trading volume and price (Hasbrouck (1996) , Goodhart and O'Hara (1997) , Coughenour and Shastri (1999) and Madhavan (2000) ). The intuition is that trading activities and LOB trader behavior are related. For instance, in a volatile trading period, trading volume will increase and trade duration and quote duration will decrease. Consequently, these variations will generate a volatile open LOB.
The first exogenous variable is relative spread change which is computed by the following formula:
Its variation is measured by:
where ask and bid are the best sell price and buy price available in open LOB. The advantage of relative spread is that it is dimensionless and can be used to directly compare different stocks.
As the relative spread captures quasi-instantaneous information and might be noisy, another spread-related variable is the average relative spread over the ten most recent observations:
Regarding the volume dimension, the first exogenous variable is the square root of the volume (number of shares), SquareRoot (vol), that initiates the current trade. There are two reasons for the use of square root, one is to weigh down the large trade volume, and the second is that the price impact proves to be a concave function of market order size (Hasbrouck (1991) ).
If the volume that initiates the current trade is large, we expect a volatile situation and, by consequence, the trade duration and quote duration are likely to be short.
The second volume-related variable should capture the imbalance of the signed trade. To this end, we adopt the depth measure proposed by Engle and Lange (2001) which is defined as follows:
where the sign k−i and volume k−i are the trade sign and trade volume for the (k − i)th trade.
The trades are classified into buy-initiated and sell-initiated according to the rule of Lee and Ready (1991) . Intuitively, when the depth measure increases, it indicates that the trades are imbalanced and the market is dominated by one-sided pressure.
The third dimension is duration. We define two sorts of duration, back-quote duration and quote-quote duration, that are different from trade duration and quote duration. The former is used to consider the duration between the first update of LOB after the previous trade and the following trade which contains quote information. It should be noted that the back-quote duration could be zero due to the fact that the quote duration might be censored when the trade occurs before the update of open LOB. The way by which the data is sampled ignores some quotes when there is more than one update between two trades. It might not be a concern when 75% of the quotes are preserved as in Engle and Lunde (2003) . However, in a market where the open LOB is more active as in the Xetra trading system, ignoring the quote activity may be a concern. In fact, only around 20% of the quotes are preserved in our dataset.
The quote-quote duration variable considers the duration for which there is no change of XLM.
As a result, it will be used only in explaining the components such as direction and size when the liquidity measure changes.
The above variables will be all (or partially) included in the exogenous variable vectors for different components. In addition, we also put time-of-day dummy variables in the vectors to remove the seasonality, a stylized fact in high-frequency data. There exist several techniques to this end. In our study, we use eight time-of-day dummy variables to capture the intraday seasonality for each component for which we desire modeling: one for the first half hour after the market opens and then one for each hour of the trading day until the market closes. AveSpread is dimensionless, we can consider this variable as an indicator of transaction costs. All stocks have an average of AveSpread around 0.05%, meaning that the average spread remains stable across the stocks. The average trade imbalance variable Abs(sign.vol) varies from 944 to 3 616 shares, indicating the existence of different trading patterns across the stocks.
[Insert Table 1 here]
Estimation and results on liquidity
The data covers the first week of July 2010 and the last week of June 2011 for stocks RWE, MEO, MRK and TKA. We present and compare the estimation results for XLM q with potential size q of 5 000 and 25 000 Euros during the first week of July 2010 10 . XLM 5 000 and XLM 25 000 represent ex-ante liquidities embedded in lower and higher levels of LOB, respectively. By taking different potential sizes, we can examine the dynamics of lower-and higher-levels of LOB with various exogenous variables. The log-likelihood is maximized by the quadratic hill climbing method and the maximization program is run with Matlab v7.6.0 with Optimization Toolbox.
Temporal Factors
The estimation results of trade durations and quote durations are presented in Table 2 and   Table 4 . Panel A presents the estimation results for lagged dependent variables, and Panel B for exogenous variables. A more detailed analysis can be found in the Appendix. Table 3 and Table   5 show the statistics related to estimations.
Trade Duration Factor
In the modeling, we decompose the explanatory variables of trade durations into two groups:
lagged dependent variables and exogenous variables. More specifically, the lagged dependent variables are used to capture the degree of persistence in the trade durations. One part of the exogenous variables will test the effect of different variables on trade durations, and the other part, with dummy variables, helps to remove seasonality.
The overall results on trade durations, presented in Panel B of Table 2, are stable across stocks   over the two sample periods and provide some new empirical evidence about trade duration dynamics. First, the sums of the coefficients for the first two lagged dependent variables are around 0.9, suggesting that trade durations are highly persistent. Second, the coefficients for
DeltaSpread and AveSpread are all positive and significant for the 4 stocks, showing that when the liquidity decreases, traders will slow down their trading intensities. Moreover, the coefficient for the short-term variable SquareRoot (vol) is negative and significant for the 4 stocks, indicating that large trades will increase trading intensity. However, the coefficient for the long-term variable Abs(sign.vol) is positive and significant only for RWE and TKA. This means that, for these two stocks, when trade imbalance increases, the trading activity will slow down. Third, trading durations do perform an intraday pattern.
[Insert Table 2 we consider trade imbalance as a result of information asymmetry. One explanation might be that the positive effect is evidence of high-frequency algorithmic trading. The algorithmic (probably not human) traders may benefit from providing liquidity by creating this trade imbalance. For example, if an algorithmic trader wants to buy a given quantity of stocks, on the ask side he can place limit orders in different price levels with different quantities. As a result, the pressure on the sell side increases and then more trades occur on the bid side. In this case, there is no fear related to informed traders, and so quote revision can be postponed.
[Insert Table 4 here]
In Table 5 , we find that the Ljung-Box statistics have been largely reduced and, in most of cases, the hypothesis of no autocorrelation cannot be rejected. It should be noted that, despite the large number of lagged variables, TKA still has a relatively high autocorrelation in the standardized residuals.
[Insert Table 5 here]
Liquidity Activity Factor
Up to now, we have analyzed the dynamics of trade durations and quote durations. Conditional on the these temporal variables, we can make further analysis on other dimensions of liquidity. As we mentioned above, we decompose the change of the liquidity measure XLM into and XLM 5 000 . The activity process is a binary process in which the value 1 means a change in the liquidity measure XLM. To model the activity factor, we adopt the GLARMA structure introduced by Rydberg and Shephard (2003) . In addition to the GLARMA structure, we also include exogenous variables. Panel A of Table 6 presents the estimated results of the GLARMA part. For all stocks, we use a lag set of (1,2) to capture the autocorrelation of the activity factor. Consistent with previous literature, the coefficients of the "GLAR" part are positive and significant, ranging from 0.66 to 0.95. The result suggests a high persistence in autocorrelation for the activity factor. More specifically, there is a cluster effect in activity, namely, the change of liquidity is more likely to be followed by another change.
[Insert Table 6 here]
In this study, we are also interested in the effect of exogenous variables on the dynamics of liquidity. Panel B of Table 6 shows the estimated results for these exogenous variables. For the time dimension variables, expected trade duration and expected quote duration do not have the same effect on the probability of liquidity change. In particular, a longer expected trade duration increases the probability of liquidity change, whereas a longer quote duration decreases this probability. The same effects are also found for the activity factor of XLM 5 000 . In the tick-by-tick trading framework, as found by Dionne et al. (2009) Regarding volume-related variables, SquareRoot (vol) and Abs(sign.vol) affect the probability of liquidity change in different ways. The coefficients of SquareRoot (vol) are both significant at a 5% level for XLM 5 000 and XLM 25 000 changes. However, the signs of the coefficients are opposite (positive for XLM 25 000 changes and negative for XLM 5 000 changes). The results suggest that the large trades are likely to increase the probability of high level liquidity changes.
As mentioned before, large trades are likely to be informative. Under this circumstance, the LOB traders are more likely to review their high-level quotes and then the resulted high-level liquidity changes. On the other side, low-level liquidity is likely to be insensitive to high trade volumes.
One possible explanation is that low-level LOB is competitive and features a quick resilience. As Another time dimension variable, BackQuote duration, also has a positive impact on the probability of liquidity change. This is in line with the estimate results for trade duration. As we can see from Panel B of Table 6 , the effect of expected trade duration is higher than that of expected quote duration. Therefore, the longer BackQuote duration implies a more volatile market and liquidity is likely to be updated. For the liquidity measures XLM 5 000 and XLM 25 000 , as expected, the coefficient is positive and significant at a 5% level. This means that when a stock is less liquid, there is more chance that LOB traders review their quote and then the liquidity of this stock changes. Concerning the dummy variables, we find that there is a seasonality pattern only for some stocks in certain time periods; most of the periods do not exhibit a seasonality pattern. The results are shown in Panel C of Table 6 .
Similar to trade durations and quote durations, we use the Ljung-Box statistics to validate the model. The statistics for the activity factor and the corresponding standardized residuals are reported in the left side and right side of 
Liquidity Direction Factor
Another component of liquidity measure is direction which is also a binary process: the value 1 means a decrease of liquidity and -1 means an increase of liquidity. Conditional on the activity factor, the direction factor gives more information about the change of XLM. To capture the dynamics of direction, we use a similar variables set as for the other equations. Three stocks take the GLARMA(2,1) structure and one stock takes the GLARMA(3,1). Panel A of Table 8 and   Table A .5 illustrate the estimation results for the GLARMA structure. Interestingly, the sums of the "MA" part are all negative and smaller than -0.5, indicating a mean-reverting feature. That is, the increase of liquidity is likely to be followed by a decrease of liquidity, and vice versa.
[Insert Table 8 Table 8 and Table A .5 present the estimated results of these exogenous variables. In the direction equation, the new variable QuoteQuote duration is defined as the duration between two liquidity measure changes. As the direction component is observed only when the activity factor is equal to one, it is more reasonable to use a temporal variable to capture this time interval.
Based on Panel B of Table 8 for XLM 25 000 , we find that three stocks have a positive coefficient
for QuoteQuote duration and only one is significant. It appears that QuoteQuote duration is not a relevant variable in predicting the direction factor. The same results are also found for XLM 5 000 .
Considering the spread related variables, a high DeltaSpread increases the probability of liquidity decrease when there is a liquidity change. Intuitively, when the spread increases, this means the LOB traders keep away from mid-quotes, and so XLM is likely to increase. Compared to DeltaSpread, the AveSpread has the opposite effect on the direction factor. This suggests that the permanent increase of the spread will indeed increase the probability of liquidity increase. It seems evident that when the traders have to pay a higher liquidity premium, the LOB traders (i.e, liquidity providers) are willing to provide liquidity.
Regarding the volume-related variables, the coefficient of SquareRoot (vol) is positive for XLM 25 000
meaning that the current large trades predict a less liquid situation for a large trade, which is consistent with previous literature. Intuitively, the large trade is likely to be informed trade which will create volatility in the market. Accordingly, when LOB traders are likely to keep away from mid-quotes, and so the liquidity will decrease. However, as shown in Table A .7, SquareRoot (vol) has no effect on the low level liquidity direction factor, suggesting that low level liquidity is less sensitive to trade volumes. The trade imbalance variable Abs(sign.vol) has no significant effect on the direction factor for both XLM 5 000 and XLM 25 000 changes. This confirms the results for the activity component. There is no clear impact of Abs(sign.vol) on liquidity change, therefore the effect of Abs(sign.vol) on direction is not clear. As we focus on the dynamics of liquidity measure XLM, the reason to the lack of information content of trade imbalance is out of our scope. However, it might be interesting for trading strategy analysis or algorithm trading analysis to continue exploring this aspect.
Another temporal variable, BackQuote duration, has a positive impact on the probability of liquidity increase. This suggests that when trades become less active, the LOB traders are likely to review their quotes and incite trades by providing more liquidity. Regarding liquidity measure XLM 5 000 and XLM 25 000 , an increase of XLM will increase the probability of being liquid. This is the evidence of the mean-reverting in XLM dynamics. As for the other components, we also use dummy variables to capture seasonality in the direction factor. The estimated results show that the coefficients are not significant, meaning that there is not a clear seasonality effect on the direction factor. The results for coefficients of dummy variables are presented in Panel C of Table 8 .
The direction factor is observed when the liquidity measure XLM changes. The Ljung-Box statistics for the direction factor and corresponding standardized residuals are reported in Table   9 , respectively. Similar to the activity factor, the direction factor is highly autocorrelated. The hypothesis of no autocorrelation is rejected at any confidence level for all stocks. That is, the Ljung-Box statistics for standardized residuals from 5 to 200 lags are not significant at a 5% level.
[Insert Table 9 here]
Liquidity Size Factor
The last factor is the size of liquidity change. Table 10 and Table A .9 report the estimated results for both XLM 25 000 and XLM 5 000 changes. Panel A of Table 10 shows the results of the GLARMA part. We find that the number of lags of the GLARMA part ranges from (2,1) to (2,2). Depending on the stock, the effect of lagged value is either positive or negative. As shown in equation 10, a higher λ k indicates a smaller expectation of size factor. Combined with the estimated results of the direction component, the implication is that XLM does have a meanreverting feature, however, the magnitude of reverting varies from one stock to another. Similar results are found in Table A .9 for size factor of XLM 5 000 changes.
[Insert Table 10 here]
The exogenous variables are the same as in the equation for the liquidity direction factor. In addition, we include current direction and lagged direction in the size equation. In total, there are nine exogenous variables in the size equation. Panel B of Table 10 and Table A .9 report the estimated results of exogenous variables for XLM 25 000 and XLM 5 000 , respectively. Once we have all results for liquidity activity, direction and size factor, we can closely analyze the entire effect of exogenous variables on every dimension of liquidity changes. Table 12 presents and compares the effects of key exogenous variables on XLM 25 000 and XLM 5 000 changes and liquidity measures.
In line with the estimated results for the direction factor, QuoteQuote duration does not have a significant effect on all stocks with respect to both XLM 25 000 and XLM 5 000 changes. Recall that QuoteQuote duration is the duration between two XLM changes. Again, it indicates that the LOB structure has a short memory and does not have the power to predict dynamic of size change.
As shown in Panel B of Table 10 , there exists a leverage effect. That is, the negative size factor change (less liquid) is higher than that of positive change (more liquid). Consistent with Rydberg and Shephard (2003) , the current direction variable has negative and significant impact on the λ k , which implies a higher expected liquidity change when liquidity decreases, and confirms the leverage effect for both XLM 25 000 and XLM 5 000 changes. However, the lagged direction is less significant than the current one.
The temporal variable BackQuote duration has positive and significant effect on λ k for both XLM 25 000 and XLM 5 000 changes, indicating that even though the liquidity provider tries to incite the traders to trade by increasing the liquidity provision (our conclusion from the results of the direction equation), the magnitude of liquidity increase is moderated. On the other side, if the trading intensity increases and then the BackQuote duration decreases, the liquidity is likely to decrease with a greater magnitude.
The last exogenous variable XLM itself has a negative and significant effect on λ k for both XLM 25 000 and XLM 5 000 changes. This suggests a quick resilience in liquidity. If the market is evaluated previously as less liquid based on XLM, the actual liquidity is prone to increase and the size of this increase is likely to be large. On the other side, if the market is evaluated as liquid by the XLM, the actual liquidity is likely to decrease with a moderated size factor.
We also attempt to test if there is a seasonality in the size factor by using dummy variables. As shown in Panel C of Table 10 , similar to activity and direction factors, there is little seasonality feature in size component because most of the coefficients are not significant from zero at a 5% level.
As for the direction factor, the size factor is also observed when the liquidity measure XLM changes. 
Summary of Estimation
Up to now, we can compare the total effect on liquidity from different exogenous variables. Table   12 summarizes and compares the effect of key exogenous variables on XLM 25 000 and XLM 5 000 .
The spread-related variable, DeltaSpread, has positive impact on λ k : three stocks are significant for XLM 5 000 and only one for XLM 25 000 . It suggests that the size factor of XLM 5 000 is more sensitive to the changes in the spread than that of XLM 25 000 . Combined with the results of the direction factor, it shows that when previous spread increases, the actual liquidity is likely to decrease. Furthermore, the size of this decrease in liquidity is expected to be small. However, if the previous DeltaSpread is small, the actual liquidity is likely to increase with a higher size factor. There exists an asymmetry in the effect on the size factor of the liquidity changes.
[Insert Table 12 here]
Panel B and C of Table 12 also compare the different effect of the same exogenous variables on XLM 25 000 and XLM 5 000 changes. AveSpread has a negative significant effect on λ k for TKA with respect to XLM 25 000 changes and a positive effect for RWE and TKA with respect to XLM 5 000 changes. The implication is that the dynamics of liquidity only has a short memory.
Combined with the results of the direction equation, the negative effect of AveSpread on λ k suggests that high AveSpread will lead to a more liquid situation for both XLM 25 000 and XLM 5 000 changes. However, the magnitude of this increase in liquidity is larger for XLM 25 000 changes than that of XLM 5 000 changes. On the other hand, if the AveSpread is small, the actual liquidity will decrease and the magnitude of this decrease in liquidity is smaller for XLM 25 000 changes than that of XLM 5 000 changes.
Relative to the size factor of XLM 25 000 changes, SquareRoot (vol) is not significant for three stocks but significant for TKA 11 . However, SquareRoot (vol) has a significant positive effect on all the stocks with respect to the size factor of XLM 5 000 changes, confirming high resiliency at lower levels of LOB. Our model also quantifies the effect of trade quantity on liquidity change.
As for the effect of volume on XLM 25 000 , a high trading volume predicts a decrease of liquidity with a high magnitude for TKA. For the other stocks, liquidity change seems limited to one unit, whereas a low trading volume will lead to an increase of liquidity with a smaller magnitude.
Interestingly, XLM 5 000 is less sensitive to high trading volume than XLM 25 000 . That is, a high trading volume does not increase the liquidity change probability and the magnitude of the liquidity change. However, a small trading volume is likely to increase the liquidity change probability and the magnitude of this change. This is evidence that liquidity providers at a low-level of LOB are more sensitive to the small trading volumes which are usually issued from predetermined trading strategies.
As shown in Panel B and C of Table 12 , the effect of the trade imbalance variable Abs(sign.vol)
is not significant for size factors for both XLM 5 000 and XLM 25 000 changes. Moreover, for XLM 5 000 changes, there is no effect of imbalance on each of the three factors, confirming the lack of informativeness of trade imbalance. Concerning the XLM 25 000 changes, given the negative effect of Abs(sign.vol) on the direction factor, it suggests that if there is an imbalance in the previous trades, liquidity is likely to increase in a moderated fashion.
Conclusion
After the introduction of the open LOB trading mechanism, trading frequency has become higher than ever before. By consequence, liquidity has become an important issue for active traders, does not seem to have an impact on the direction factor. Fourth, there is a leverage effect in the size factor, that is, the magnitude of liquidity decrease is higher than that of increase. Among the trade-related variables, only spread change has a significant effect on the size factor for XLM 25 000 and XLM 5 000 changes. SquareRoot (vol) has a very different effect on XLM 25 000 and XLM 5 000 changes, suggesting a high resilence at the lower levels of LOB. Fifth, the trade durations and quote durations have an obvious seasonality pattern, whereas the seasonality pattern for other factors is not clear. Overall, we provide evidence that trade durations and quote durations have an impact on ex-ante liquidity. Other exogenous variables that affect ex-ante liquidity include DeltaSpread, AveSpread, SquareRoot (vol), BackQuote duration and XLM . The table reports the Ljung-Box statistic on activity factor (left side) and standardized residuals of activity factor (right side) for different stocks at different lags.The column of Lags is the number of lags we use to compute the statistic and the C_Value is the critical value for the corresponding lags. The table reports the Ljung-Box statistic on direction factor (left side) and standardized residuals of direction factor (right side) for different stocks at different lags.The column of Lags is the number of lags we use to compute the statistic and the C_Value is the critical value for the corresponding lags. The table reports the Ljung-Box statistic on size factor (left side) and standardized residuals of size factor (right side) for different stocks at different lags.The column of Lags is the number of lags we use to compute the statistic and the C_Value is the critical value for the corresponding lags. If the previous spread increases (less liquid), the liquidity is likely to decrease, the size of this decrease in liquidity is likely to be small.
Lag XLM + (4,4) -(3,4) -(2,2) If the market is less liquid, the following liquidity is likely to increase and the size of this increase will be large. Direction(t) -(3,4) Leverage effect: the size of liquidity decrease is larger than liquidity increase. 
If Ave_Spread increases, the liquidity is likely to increase, the size of this increase is likely to be large.
Square root(vol) + (4) + (2) -(1) If the trade volume increases, the liquidity is likely to decrease, the size of this decrease is likely to be large.
Abs(sign.vol) -(1) -(1) # If imbalance of trade increases, the liquidity is likely to remain the same, if the liquidity changes, it will increase and imbalance does not affect the size of the change. coefficients, and only two of them are significant at a 5% level. The measure of imbalance also relates to information trading. Our results suggest that when the trades become imbalanced, the trade intensity will decrease. Presumably, when the non-informed traders observe an imbalanced trading history, they will then slow down their trading activity to protect themselves.
Regarding the BackQuote duration, we find that the effect of duration between the first quote and the following trade on the trade duration is not clear. Two stocks have a positive sign and two others have a negative sign. Moreover, three of them are significant at a 5% level.
Intuitively, the trade activity should be positively correlated with quote activity. As a result, the coefficient should have a positive sign. Our results do not seem to be completely consistent with this intuition. One explanation might be that trade duration consists of quote duration while BackQuote duration depends on both trade duration and quote duration. Therefore, the explanatory power of BackQuote duration is also influenced by quote duration, which is censored. For instance, a longer BackQuote duration could be either a long trade duration or a shorter quote duration. The longer trade duration has a positive impact on trade duration, whereas a shorter quote duration has a negative one. Therefore, the sign of BackQuote duration on trade duration could be positive or negative.
The last exogenous variable is the change of liquidity measure XLM. Like DeltaSpread, a high XLM means a less liquid situation. If we follow the same argument as DeltaSpread, higher XLM will decrease the trade intensity and then generate a longer trade duration. Our estimated results show that XLM 25 000 of RWE and XLM 5 000 of MEO and TKA have positive estimated coefficients which are significant at a 5% level. This suggests that the XLM is likely to have a moderated effect on trade duration. However, if we combine the XLM result with that of DeltaSpread, it suggests that the trade activity is more sensitive to the first level of LOB and the quote activities beyond the first level are not likely to explain the trade duration dynamics.
The last part consists of dummy variables. Panel C of Table 2 reports the estimated results for these dummy variables. To make the results more visible, we piecewisely plot the coefficient of dummy variables in Figure 2 . In line with previous literature, the trade durations do have a diurnal pattern. For all stocks, there is an inverse U-shaped pattern for trade durations.
Quote Duration Factor
Panel A of Table 4 reports the estimated results of lagged dependent variables for all stocks.
Similar to trade durations, quote durations are also highly persistent. The number of lagged values varies from two to three and the number of lagged error terms varies from one to four.
TKA features the most persistent dynamics and takes a Log-ACD(3,4) model to fit its dynamics.
Comparing the Log-ACD model to the traditional ARMA structure, the sum of the coefficient of the "AR" part in the quote duration equation varies from 0.239 to 0.505. The relatively small coefficients can be explained by the fact that the start point of our quote duration is the trade timestamp. When there is more than one update between two trades, only the first one is used to calculate the quote duration. To some extent, this sampling "deletes" some autocorrelation in quote durations. Regarding the coefficients of the error term, the estimated coefficients vary from 0.042 to 0.072, confirming the sampling effect in autocorrelation.
The censored effect is captured by the product of the censored dummy variable and the lagged error term. The censored effect is positive and significant at a 5% level for all stocks. The implication is that if the last quote duration is censored, the next quote duration is likely to be longer and censored again. Trade duration related variables consist of current error term, lagged error term and lagged expected trade duration. The estimated results show that the current error term and expected trade duration have a positive and significant effect on the quote durations.
It suggests that when the (current and lagged) trade duration innovations and expected trade durations are high, the quote duration will become longer. Intuitively, as quote activity adjusts to trade activity, trade duration and quote duration are correlated positively.
The spread-related variables, DeltaSpread and AveSpread, have a negative impact on the quote durations, which is opposite to the trade duration. The coefficients are negative and significant at 5% level for all stocks. Spread variables are very important in explaining the trade activity and quote activity. It suggests that when the spread is large, the market order traders and LOB traders react differently. Market order traders slow down their trading speed when observing an increasing spread, whereas LOB traders speed up to update their price or quantity of limit orders.
For an intraday LOB trader, a major concern is adverse selection. By attentively monitoring the change of spread, LOB traders attempt to avoid this risk by updating their quote rapidly.
The effect of volume-related variables, SquareRoot (vol) and Abs(sign.vol), on quote duration is similar to that of trade duration. More specifically, large trades predict shorter quote durations.
As mentioned above, large trades relate to informed trades. Informed traders exploit shortlived information by increasing trade intensity and trade quantity. When trades become more intensive, so do quote revisions. As a result, the quote durations become shorter. Regarding imbalanced measures Abs(sign.vol), their coefficients are all positive but only two of them are significant. Compared to SquareRoot (vol), Abs(sign.vol) is a long-run variable, as it consists of information over the last ten trades. In a high-frequency trading framework, trades and information are short-lived. The estimated results suggest that the short-run measure is more predictive than the long-run measure.
The BackQuote duration has a positive and significant impact on the following quote duration.
A longer BackQuote duration can be either a low trade intensity or a high quote intensity. That is, a long trade duration or a short quote duration. Moreover, a long trade duration implies a long quote duration. The estimated results suggest that the long trade duration effect dominates the short quote duration effect. Concerning the effect of liquidity measure XLM 25 000 , empirically, the effect is negative and significant at a 5% level for three stocks. One stock has a positive significant sign. We obtain similar results for XLM 5 000 . Theoretically, there are arguments to support either sign. A high XLM reveals a more risky situation, especially a high adverse selection risk. LOB traders speed up their quote revisions to reduce this kind of risk. This is more pronounced for less liquid stocks. On the other side, the increase of XLM will slow down the trade activity and then the quote activity. Panel C of Table 4 reports the results of estimation for dummy variables. We also find a seasonality effect for quote durations. However, because the quote durations are censored and the trade durations enter into the model of quote durations, the seasonality pattern for quote durations is not like that of trade durations. Figure   3 illustrates the intraday seasonality pattern for different stocks. The table reports the Ljung-Box statistic on activity factor (left side) and standardized residuals of activity factor (right side) for different stocks at different lags.The column of Lags is the number of lags we use to compute the statistic and the C_Value is the critical value for the corresponding lags. The table reports the Ljung-Box statistic on direction factor (left side) and standardized residuals of direction factor (right side) for different stocks at different lags.The column of Lags is the number of lags we use to compute the statistic and the C_Value is the critical value for the corresponding lags. The table reports the Ljung-Box statistic on size factor (left side) and standardized residuals of size factor (right side) for different stocks at different lags.The column of Lags is the number of lags we use to compute the statistic and the C_Value is the critical value for the corresponding lags.
